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Abstract
Mexico City imposed lockdown measures in response to the 2020 COVID-19 pandemic, which
caused measurable changes in atmospheric concentrations of certain air pollutants, including
nitrogen dioxide (NO2) and sulfur dioxide (SO2). We present the initial development of a
mass balance methodology for estimating emissions changes resolved by sector. We use
TROPOMI satellite observations of NO2 and SO2 as well as carbon monoxide (CO) and
formaldehyde (HCHO) during the lockdown period and a reference period, in conjunction
with emissions inventory data, to investigate the impact of lockdown measures on air quality
and emissions in Mexico City. We find a significant change in urban NO2 averaging -23%
during the lockdown, a significant change in urban SO2 averaging +41%, and no significant
changes in CO or HCHO, in partial agreement with previous work. We are unable to
clearly identify changes in emissions from four large sectors with our methods based on
these measured changes in pollutants, as the model gives unrealistic changes in emissions. We
discuss where this model has shortcomings and suggest next steps to advance its development.
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In December 2019, a novel coronavirus now known as SARS-CoV-2 was discovered in Wuhan,
China [1]. The virus causes the disease COVID-19, which is characterized by respiratory
infection and is deadly [2]. In response to its rapid global spread, the World Health Organi-
zation declared a global pandemic on March 11, 2020 [3]. Since then, countries around the
world have implemented “lockdowns” to reduce the spread of infection and safeguard public
health by instituting measures such as stay-at-home orders [4]. These measures collectively
altered the activity of populations, leading to changes in air quality detectable from space
[5].
1.2 Air Quality During COVID-19
Multiple studies have reported changes in urban air pollution attributable to COVID-19
mitigation strategies such as lockdowns [5–7]. Zhipeng Pei et al. report lockdown attributable
reductions in NO2 in three cities in China, varying changes in SO2 and PM2.5 between cities,
and increases in O3 based on in situ measurements [5]. Pei et al. also utilized satellite
observations of NO2 and HCHO and found reductions in NO2 generally consistent with in
situ measurements but no significant change in HCHO (which was not measured in situ)
[5]. Pei et al. attribute the drop in NO2 to reductions in vehicle traffic consistent with
stay-at-home orders [5]. In addition, Daniel Goldberg et al. used satellite observations to
investigate the response of NO2 in North American cities to lockdown measures and found
a general downward trend in NO2 concentrations when corrected for natural variability [6].
Goldberg et al. suggest these reductions could also be due to reduced vehicle traffic as well
as reductions in industrial emissions [6].
While, to our knowledge, we are the first to investigate changes in energy use from COVID-
19 lockdowns in Mexico City with satellite observations of air pollutants, we are not the
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first to investigate the impacts of COVID-19 lockdowns on Mexico City’s air quality. Gu-
rusamy Kutralam-Muniasamy et al. investigated the response of various air pollutants to
Mexico City’s COVID-19 lockdown [7]. Utilizing Mexico City’s surface air monitor networks,
Kutralam-Muniasamy et al. report significant reductions in NO2, SO2, and PM10, but in-
creases in CO, PM2.5, and O3 attributable to lockdown measures [7]. Kutralam-Muniasamy
et al. attribute these changes partially to reductions in vehicle traffic, but also suggest changes
in energy production and household combustion may contribute [7]. These results enable
comparison between remote sensing and in situ measurement techniques, where the former
methodology is the subject of this work.
1.3 Mexico City
Mexico City is the capital city of Mexico and home to more than 21 million people, with
almost 9 million living in the city proper and over 12 million in the surrounding metropolitan
area [8]. Despite strong improvements in recent years, Mexico City is notorious for its poor
air quality [9, 10].
Mexico City lies in an elevated basin, surrounded on three sides by mountains and the
Popocatépetl volcano to the southeast [8]. March through May represents the basin’s dry
season, which is characterized by high pressure systems and weak winds, while June through
October represents the rainy season [8]. The resultant cloudless days of the dry season in
combination with the high altitude facilitate strong solar radiation, while the weak winds
produce stagnant air. All of these factors are conducive to photochemical processes that
degrade air quality, particularly during the dry season [8].
In Mexico City, major emissions sources include vehicles, businesses, and residences, with
industry contributing a relatively minor fraction of total emissions [11]. Mexico City’s vehicle
fleet is fueled predominantly by gasoline, with a minor though still significant fraction of the
fleet running on diesel [12]. The fuel used for combustion in the residential and commercial
sectors, regardless of activity (heating versus cooking), is predominantly natural gas, with
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liquefied petroleum gas accounting for less than 1% of total fuel and firewood contributing
an essentially negligible proportion of total fuel [12].
Mexico City entered its first general lockdown on March 23, 2020 and remained under lock-
down measures through June 28, 2020 [13, 14]. However, the latter portion of this lockdown
period saw a gradual easing of restrictions, which may present challenges for interpretation
of results. Kutralam-Muniasamy chose a narrower lockdown definition, April 1 – May 31,
2020. We investigate both lockdown definitions in this work.
Physical distancing measures included the closing of public venues and forbidding of events
with more than 50 attendees as well as the closing of schools [13]. Public and private
transportion were restricted through the closing of low traffic subway, train, and bus stations
as well as the strengthening of Mexico City’s Hoy No Circula program, which restricts the
number of private vehicles allowed on roads [13, 15]. This program assigns a colored sticker
to every car and rotates through the week what combination of color and final license plate
digit are allowed in circulation.
1.4 Objectives and Motivations
This work aims to detect significant changes in air pollution over Mexico City with satellite
receptors and use those changes to detect deviations in energy use from pre-lockdown norms
by sector based on established emissions inventories. This will serve as a proof of concept
for the novel methodology of using satellite observations to identify sectors with sudden
emissions changes, as may occur following disasters. This information can help direct disaster
relief and recovery efforts. Such methods will be particularly beneficial for regions that do
not have infrastructure in place to provide this information in the immediate aftermath of a
disaster.
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Figure 1: Google Earth view of Mexico City. CDMX
outlined with dashes. Study area delineated by box.
2 Materials and Methods
2.1 Mexico City Emissions Inventory
Mexico City maintains an emissions inventory that estimates annual emissions in the city
proper (Ciudad de México, CDMX) and the larger Mexico City Metropolitan Area (Zona
Metropolitana del Valle de México, ZMVM) [11]. The CDMX has a significantly greater
population density than the ZMVM [16].
For this work, the emissions of the smaller CDMX area are used. This is to focus the study on
a more concentrated spatial distribution of emissions sources. The study area is illustrated
in Figure 1 and the relevant portion of the most recent emissions inventory is given in Table
1 and Figure 2.
The most recent emissions inventory for Mexico City estimates emissions for the year 2016.
As shown by Luisa T. Molina et al. (2019), emissions time series are not constant year to
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Table 1: 2016 CDMX Emissions Inventory (tonnes per year) [11].
Species Point Sources Area Sources Mobile Sources Natural Sources Totals
NOX 2197 6171 52437 101 60906
SO2 93 628 282 0 1003
CO 904 37306 242826 0 281036
VOC 13288 113668 28269 8734 163959
Toxics 6167 35411 7073 930 49581
Totals 22649 193184 330887 9765 556485
year [8]. Thus we can extrapolate to the assumption that emissions for 2019 and 2020 likely
do not match those of 2016 exactly, implying that our use of the most recent available data
will introduce some uncertainty into our results. Unfortunately, as we discuss in Section 4.3,
we are unable to quantify this particular source of uncertainty.
The emissions inventory is given in units of metric tons, or tonnes, per year. Emissions
are broken down by species and source. The source breakdown is particularly granular,
starting from the four categories point, area, mobile, and natural, and then breaking each
one into its constituents (e.g., different vehicle types for the mobile category). The “point
sources” category includes mostly industry while “area sources” include constituents such as
construction, agriculture, business, and residential emissions, and ”natural sources” consist
mainly of vegetation and soil emissions [11, 12]. We work with just the overarching four
categories to avoid arriving at an underdetermined system of equations in our mass balance
model.
2.2 TROPOMI Data Product
The TROPOspheric Monitoring Instrument (TROPOMI) was launched by the European
Space Agency on the Sentinel 5 Precursor satellite in October 2017 [5, 6]. TROPOMI
measures the total atmospheric column concentrations of several species, including NO2,
SO2, CO, and HCHO, to unprecedented resolution. At nadir, when the satellite is directly
overhead, “pixel sizes” (the area of each individual observation) for the different species are
given in Table 2. TROPOMI had a resolution upgrade in August 2019 [6], so the nadir pixel
9
Figure 2: Bar chart of CDMX emissions inventory.
Table 2: TROPOMI pixel sizes for species by period [17–20].
Period NO2 SO2 CO HCHO
Reference 7 km × 3.5 km 7 km × 3.5 km 7 km × 7 km 7 km × 3.5 km
Lockdown 5.5 km × 3.5 km 5.5 km × 3.5 km 5.5 km × 7 km 5.5 km × 3.5 km
size is different between both definitions of the reference and lockdown periods. Pixel sizes
are approximately constant across a swath of a given pass by TROPOMI [6].
The specific datasets used in this work are the TROPOMI NO2, SO2, CO, and HCHO Level
2 data products, because these are the species measured by TROPOMI that we can relate to
the emissions inventory. These data are retrieved from the NASA Earthdata portal. Specific
granules (files) are those in the date ranges March 23 – June 28 2019 and 2020 whose passes
include the coordinate 19.33N, 99.13W, which is the center of the study area shown in Figure
1. Each granule represents a pass by TROPOMI. There is generally one granule per day in
each period. However, due to TROPOMI’s daily global coverage, certain subsequent passes
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on the same day overlap and so in some cases there are two granules on the day corresponding
to those passes. Daily passes occur between 19:00 and 21:00 UTC, or 1:00 PM to 3:00 PM
local time.
We use the tropospheric vertical column measurements for NO2 and HCHO and the total
vertical column measurements for SO2 and CO. Aircraft measurements of the vertical distri-
butions of NOX and SO2 in Mexico City indicate that NOX is strongly concentrated below
3 km of altitude, while SO2 is more uniform in its vertical distribution up to the maximum
measured height of 5 km [21]. Given the longer lifetime of CO relative to the other three
species under consideration, we may safely assume its vertical distribution is more similar to
that of SO2 than NOX. Similarly, given the relatively short photochemical lifetime of HCHO
in conjunction with the overpass times corresponding to small angles of incidence of solar
radiation and therefore faster photochemistry, we assume the vertical distribution of HCHO
more closely matches that of NOX than SO2.
2.3 Data Processing
Data processing methods described below are applied to the TROPOMI dataset unless oth-
erwise specified.
2.3.1 Data Omissions
The week of May 13 2019 saw significant wildfire activity around Mexico City [10, 22]. Smoke
blanketed the city and led the local government to declare an Environmental Contingency to
mitigate the pollution event and its potential health impacts [10]. This Contingency involved
closing schools and limiting traffic, among other measures [10, 22]. Because the reference
period is meant to represent “business as usual,” wildfire pollution and temporarily reduced
anthropogenic emissions could confound interpretation of the reference period. Consequently,
data points corresponding to May 13–17, 2019 are dropped.
Additionally, we drop observations on April 16 and 17, 2019, because wind blew Popocatépetl
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emissions northwest towards Mexico City [23]. This may have carried SO2 into the study
area, and we see a spike in the mass of this species on these dates. Grutter et al. (2008)
show that Popocatépetl SO2 emissions are indeed capable of producing these outliers [24].
While outliers remain after these omissions, we find no compelling reasons to drop them.
2.3.2 Filtering
For each granule, data were filtered so that each retained pixel’s centroid fell within a
0.5◦×0.5◦ box centered at 19.33N, 99.13W. Additionally, TROPOMI calculates a “qual-
ity assurance” value QA that indicates the quality of the measurement. In the user manuals
for each species, it is recommended that QA > 0.75 be used, as this filters out all but the
highest quality data [17–20]. Following this recommendation and precedent [6], we filter for
QA > 0.75. However, filtering for QA > 0.75 leaves too few CO observations for meaningful
analysis. Therefore, we perform analysis both for QA > 0.75 and QA > 0.50. The latter,
less strict filter retains all the same data as the former, stricter filter, as well as observations
on cloudy days that are dropped by the stricter filter [17–20].
2.4 Adjustments
We are most interested in the mass in our 0.5◦×0.5◦ box attributable specifically to urban
emissions. To separate the urban contribution from the total quantity measured, we subtract
the minimum observation in the box from the total mass in the box for each granule. The
minimum observation is taken to represent an estimate of the upwind background loading.
Because the background varies with meteorology, performing this adjustment for each granule
individually may capture some of the meteorological variability in the background.
2.5 Unit Conversions
Because the Mexico City emissions inventory reports its data in units of tonnes per year
while TROPOMI reports in moles per square meter, it is necessary to convert one unit to
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the other. It is simplest to convert TROPOMI data to tonnes.
Let Ci be the areal density of a given species in pixel i. Suppose there are N pixels in our
0.5◦×0.5◦ box, each with area A. Let m be the molar mass of the species under consideration.





The mean areal density in the box is µ =
∑N
i=1Ci/N , so Equation 1 becomes
M = mANµ. (2)
If we view our 0.5◦×0.5◦ box as our population in statistical terms, then the data left after
filtering can be viewed as a sample with sample mean x̄ =
∑n
i=1Ci/n, where n is the size
of the sample (the number of pixels retained after filtering). Thus, we can approximate the
total mass by plugging x̄ into Equation 2:
M = mANx̄. (3)
This conversion is carried out for each granule for each species, giving us an approximation to
the total mass of each species over the CDMX per day in each period. Because we perform
this calculation for each granule individually, the conversion is adapted to each granule.
Specifically, A and N may vary from granule to granule, and this method estimates A and
N for each granule individually, avoiding error associated with assuming A and/or N are
constant across granules.
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2.6 Simplified Mass Balance
2.6.1 Model
We begin with the generalized mass balance model for mass M ,
dM
dt
= Min −Mout +Mformed −Mlost. (4)
For our particular model, we assume Min is accounted for when we subtract the background
estimate. We collapse Mout and Mlost into a single first order loss term. We assume Mformed
consists primarily of emissions and/or that our measured species represent secondary prod-
ucts of those emissions and therefore act as surrogates or tracers. Furthermore, we assume








where the indices i and j run over measured species and emissions categories, respectively,
the αi are the proportions of emissions of species category i attributable to species i, Eij are
emissions by species and source, and the Ki are species-specific generalized loss coefficients.
The αi are necessary because the species provided by the emissions inventory do not exactly
correspond to the species observed by TROPOMI. For CO and SO2, this is not an issue,
but for NO2 and HCHO, we must account for the fact that not all NOX converts to NO2
and not all VOCs convert to HCHO, where NOX and VOCs are taken to be the sources of
NO2 and HCHO, respectively. In a parallel analysis, we also consider the sum of VOC and
Toxics emissions to be the source of HCHO since HCHO is a product of VOC chemistry but
is emitted directly into the Toxics category.
Setting Equation 5 to zero in accordance with our steady-state assumption and solving for
Mi, we have
Mi = βiEi, (6)
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where βi = αi/Ki and Ei =
∑
j Eij.
The βi represent conversion factors from emissions to mass and thus vary with meteorology.
However, because the reference and lockdown periods both occur in the dry season and
therefore have similar meteorology, we assume the central tendency of the βi remains constant
across periods. We assume the Ei are constant in a given period, but not across periods.
Then the central tendency of the βi is simply the central tendency of the Mi scaled by the
reciprocals of the Ei. To protect against bias in our results due to skewed data distributions,
we use the median as our measure of central tendency due to its greater robustness against





where the bar indicates the median and both M i and Ei are the reference period values.
Using Equations 6 and 7, we can then solve for Ei in the lockdown period. This gives us an











where ∆ signifies a change and the change here is between the lockdown and reference
periods.






















Equation 11 is our mass balance system.
2.6.2 Model Validation
To ensure that the mass balance model presented is accurate, we present here an example
of the model applied to hypothetical data and determine if the model faithfully reproduces
that data.
Suppose point and area emissions each dropped 25% and mobile emissions dropped 50%.
































where the superscripts indicate the year of measurement and in the last equality we drop
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superscripts and bars for cleaner notation.
Let δi = ∆Mi/Mi. For this example, we calculate δi as
δi =
0.75Ei,point + 0.75Ei,area + 0.50Ei,mobile − Ei
Ei
,








for ∆Ej/Ej, which is the percent change in emissions from source j. For δ = (−0.47, −0.32, −0.30),
where the order of entries in the vector is (NO2, SO2, HCHO), this yields the vector
(−0.25, −0.25, −0.50), consistent with our initial supposition. Although not presented
here for brevity, the method produces consistent results for δi drawn from various combina-
tions of increases and decreases in emissions. Thus, we have established the accuracy of our
model given our assumptions and ideal data.
2.6.3 Assumptions
In the previous subsections, we made a number of assumptions. Here we address their
implications.
Our first explicit assumption was that the inflow of the species under consideration into our
study area is accounted for when isolating the urban mass contribution. Because three of the
species considered are short lived and therefore their spatial distribution should generally
reflect the spatial distribution of their emissions sources, this adjustment should make only
small changes. For CO, due its longer atmospheric lifetime (on the order of months relative
to hours for HCHO and NO2 or days for SO2), the adjustment may be more substantial.
Figure 3 displays time series of the data after filtering (see Section 2.3.2) and omissions
(Section 2.3.1), and we see that the magnitude of the adjustment is most substantial for CO,
17
Figure 3: Time series for April 1 – May 31. Data filtered for QA > 0.75 except CO which is
filtered for QA > 0.50.
as predicted.
Thus we assume that the effects of species such as peroxyacyl nitrates (PANs) are accounted
for in our model when it is applied to the background adjusted data. PANs act as NOX
reservoirs capable of long range transport. Therefore, it is possible that some of the measured
NO2 was carried into the study area in the form of PAN that subsequently dissociated and
released NOX. This is what our adjustment takes into account.
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Table 3: Meteorological Parameters for Mexico City, adapted from [7].
Period Temperature (◦C) Relative Humidity (%) Wind Speed (mph) Precipitation (mm)
March 2019 19 38 6.9 7.2
April 2019 20 35 7.4 4.3
May 2019 22 37 7.9 21.6
March 2020 20 38 7.0 8.1
April 2020 21 41 7.1 21.9
May 2020 20 43 7.1 32.8
For SO2, we assume the adjustment accounts for emissions from the volcano Popocatépetl,
which has been active since 2005 [25]. It is plausible that Popocatépetl emissions contribute
to the SO2 observed in the study area. Our assumption is that this contribution is taken
into account.
Similarly for CO and HCHO, our background adjustment should account for any sources
of mass flux of these species into the study area and leave us with only Mexico City’s
contribution to the observed mass.
Our second explicit assumption is that of steady state for average conditions over our study
periods. For the reference period, because the time scale is only 2–3 months and no significant
events dramatically altered population activity, this assumption is unlikely to be problematic.
For the lockdown period, a steady state assumption may be less appropriate. The stricter
lockdown definition of [7] is likely safely assumed to be in steady state because the period
begins after lockdown began and ends before restrictions began easing. Our looser lockdown
definition, on the other hand, may be less fit for a steady state assumption since it begins
at the start of lockdown and includes a period of slowly easing restrictions. This means the
looser definition includes decreasing emissions at the beginning of the period and rebounding
emissions in the latter portion, which are not consistent with a steady state assumption. This
may introduce error into results obtained from our mass balance model as applied to our
looser lockdown definition.
We also assume that the βi are similar across periods based on meteorological similarity. We
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can judge this assumption based on the data provided in Table 3. We see that temperature,
relative humidity, and wind speed are fairly constant within and across periods, with relative
humidity just slightly higher in 2020. Wind direction is generally from the south in the Spring
[26]. Precipitation, on the other hand, varies significantly within and between periods, with
2020 experiencing more precipitation in general. Because filtering for QA > 0.75 drops
observations on cloudy days, these differences in precipitation may not pose a significant
problem for analysis performed with data filtered for QA > 0.75. When we use data filtered
for QA > 0.50, however, because this filter retains cloudy day observations, the effect of
precipitation must be acknowledged. In particular, average mass measurements of data
with QA > 0.50 may be underestimated due to rainout of pollutants. Because 2020 saw
more precipitation, the magnitude of change for species whose total mass increased from the
reference to lockdown periods may be underestimated. The converse may be true of species
whose change in mass across periods was negative.
Finally, we chose to use the median over the mean. We see the reasoning for this choice in
Figure 4, which shows that our data are generally skewed and contain outliers. Using the
median reduces the influence of these skews and outliers.
3 Results
The time-averaged horizontal distributions of NO2, SO2, and HCHO are displayed in Figures
5 and 6. CO is omitted because of a lack of high quality retrievals, as discussed in Section
2.3.2. Because TROPOMI pixels do not exactly align from granule to granule, averaging
requires regridding, and therefore the size of the pixels in these figures is not the same as
the sizes displayed in Table 2. Instead, the pixels in Figures 5 and 6 represent intermediate
sizes, chosen to yield a sufficiently fine “average” resolution for illustrative purposes.
Figures 5 and 6 show the spatial distributions of NO2, SO2, and HCHO averaged over the
reference and lockdown periods for both the Kutralam-Muniasamy lockdown definiton as
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Figure 4: Box plots for urban mass contribution, April 1 – May 31, filtered for QA > 0.75
except CO which is filtered for QA > 0.50.
well as our own. In both definitions, there appear to be reductions in NO2 and HCHO but
not in SO2.
3.1 Change in Median Mass
We estimate the change in mean total mass in eight different ways for each species, accounting
for each combination of lockdown period definition and filter for total mass and for urban
mass. This means, for each species, we calculate the change in mass for both filters in both
time periods, with and without the background adjustment.
As illustrated in Figure 3, there is significant daily variability in the median, which is taken
over the entire period. Therefore we estimate the uncertainty in our calculated differences
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Figure 5: Time-averaged TROPOMI visual, April 1 – May 31. Data filtered for QA > 0.75.
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Figure 6: Time-averaged TROPOMI visual, March 23 – June 28. Data filtered for QA >
0.75.
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Table 4: Percent change in median total mass from reference to lock-
down period.
Species Period QA Percent change 95% CI
NO2 March 23 – June 28 0.50 -19 (-34, -8.1)
0.75 -26 (-39, -14)
April 1 – May 31 0.50 -17 (-32, -0.35)
0.75 -24 (-39, -8.9)
SO2 March 23 – June 28 0.50 +46 (12, 67)
0.75 +41 (13, 60)
April 1 – May 31 0.50 +48 (18, 84)
0.75 +41 (11, 71)
CO March 23 – June 28 0.50 +3.5 (-2.8, 13)
0.75
April 1 – May 31 0.50 +2.6 (-6.7, 13)
0.75
HCHO March 23 – June 28 0.50 -10 (-26, 0.16)
0.75 -8.5 (-24, 1.1)
April 1 – May 31 0.50 -11 (-25, 6.7)
0.75 -7.9 (-25, 7.7)
in medians, both to provide an idea of the precision of our estimates as well as to test the
statistical significance of the changes.
95% confidence intervals for the changes in medians are calculated with a simple bootstrap
procedure following [27] with 10,000 replicates and a seed set to be the first ten digits of
the golden ratio (1618033988). Calculations are performed in R version 4.0.2 with RStudio
version 1.3.1073. Bootstrapping is performed with the boot library’s boot and boot.ci
functions, where the confidence interval type passed to boot.ci is “basic.” Results are
collected in Tables 4 and 5. Table 4 displays the results for total mass, without a background
estimate subtracted. Table 5 displays the results for the urban contribution to mass, that
is, the total mass minus the estimated background. Because filtering for QA > 0.75 almost
totally eliminates CO observations, the rows corresponding to this filter for CO are empty in
both Tables 4 and 5. Table 6 gives the average changes in mass across estimation methods.
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Table 5: Percent change in median urban mass contribution from ref-
erence to lockdown period.
Species Period QA Percent change 95% CI
NO2 March 23 – June 28 0.50 -15 (-32, -3.2)
0.75 -22 (-43, -2.9)
April 1 – May 31 0.50 -17 (-34, -1.7)
0.75 -39 (-81, -25)
SO2 March 23 – June 28 0.50 +44 (12, 62)
0.75 +41 (14, 64)
April 1 – May 31 0.50 +42 (14, 73)
0.75 +35 (5.7, 59)
CO March 23 – June 28 0.50 +3.2 (-32, 11)
0.75
April 1 – May 31 0.50 +1.9 (-15, 31)
0.75
HCHO March 23 – June 28 0.50 -1.4 (-13, 11)
0.75 -1.4 (-15, 11)
April 1 – May 31 0.50 -3.6 (-17, 17)
0.75 +0.28 (-9.3, 22)
3.2 Simplified Mass Balance
We perform linear algebra calculations in Python 3.7.9 through the Spyder 4.0.1 interface
using the numpy and scipy.linalg modules. Our system is four-by-four when we include
all four species and all four source categories, in which case we use the change in total
mass since natural emissions is one of the four source categories. This four-by-four system is
invertible, and so we arrive at an exact solution. When we investigate the urban contribution
specifically, we have two options. We can either choose three of our species to construct a
well-determined system with three source categories (omitting natural emissions in this case),
or we can use all four species to construct an overdetermined system. In the former case,
the system is exactly solvable, while in the latter we calculate the least squares approximate
solution.
As inputs to the problem, we define the source of NO2 to be NOX emissions since NOX ≡
NO + NO2 and NO converts rapidly to NO2. We define the source of HCHO to be VOC
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Table 6: Average percent change in median
total mass.





emissions since a fraction of atmospheric VOCs are converted to HCHO. The sources of
SO2 and CO are the emissions of these species as they are given in the CDMX emissions
inventory. Our change in species emissions is calculated as the percent change in species





For the results we give next, we use the percent changes given in Table 6. These inputs allow
for the solution of the system defined in Equation 11.
Solving the four-by-four system gives percent changes of -530% for point emissions, +160%
for area emissions, -19% for mobile emissions, and -1400% for natural emissions.
Solving the three-by-three system in which we omit CO, we calculate changes of -3200% for
point emissions, +370% for area emissions, and +59% for mobile emissions.
Solving the least squares problem, we calculate changes of -860% for point sources, +100%
for area sources, and -10% for mobile sources.
The above results are calculated with HCHO as a tracer of VOC emissions, as indicated. We
may also define the source of HCHO as the sum of VOC and Toxics emissions, since HCHO
is emitted directly in the Toxics category. Doing so changes our results only slightly.
We omit presentation of our mass balance applied to other combinations of period definition,
filter value, and adjustment because all scenarios yield similarly unphysical results and their
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presentation would sacrifice concision for little useful information gain.
4 Discussion
4.1 Change in Median Total Mass
Simply upon visual inspection of Figures 5 and 6, we expect to see decreases in NO2 and
HCHO over the CDMX. There is not so clear a visual indication of change for SO2, however,
and for CO we expect little change based on Figure 4. Tables 4 and 5 both support our
expectation for NO2, with all scenarios indicating fully or borderline statistically significant
reductions, based on the how close the confidence intervals are to containing zero. While
we do measure a reduction in HCHO as expected, based on daily variability our confidence
intervals contain zero and so the measured reductions are not statistically significant. Figures
5 and 6 may suggest a more significant difference in HCHO than we quantify because the
visuals show averages, which do not account for the variability that renders that difference
not significant. Following the same criteria for significance, we find significant increases in
SO2 and, as expected, no significant change in CO.
Given lockdown measures and emissions compositions, do these measured changes make
sense? Lockdown measures in Mexico City closed industrial manufacturing and commercial
businesses and dramatically reduced vehicle traffic [7, 13, 14]. Based on Table 1 and Figure 2,
we can make rough guesses of expected emissions changes and compare these expectations to
the measured mass changes. Consider NO2. Its emissions come predominately from mobile
sources, so we might expect reduced vehicle traffic in Mexico City to lead to reduced NOX
emissions and thereby less NO2 mass, as measured. CO emissions are similarly dominated
by mobile sources, but we do not see a reduction in CO as we might expect. This suggests
increased emissions from some other sector could be offsetting the expected reductions,
although this confuses interpretation for NO2 since there should be a similar offset in this
case but there is not. Whether we consider HCHO to be sourced primarily from VOCs or
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Table 7: Percent change in concentrations






VOCs plus Toxics, the dominant source category is area sources. Closed businesses might
lead to reduced area emissions, but area sources also includes domestic emissions which we
might expect to increase with stay-at-home orders in place, leading, for example, to increased
emissions from combustion related to cooking. These competing emissions changes could
result in the net change we measure, which is slightly negative but not significant.
Our expectations are opposed most strongly by our measured change in SO2. While the
majority of SO2 emissions come from area sources, a significant portion comes from mobile
sources. Based on our expectations for HCHO and NO2, we might expect a drop in SO2 given
little net change in area emissions but a significant reduction in mobile emissions. However,
we measure a statistically significant increase in SO2, contrary to these expectations.
Our expectations for NO2, SO2, and CO are supported not just by the preceding thought
experiment but also by the results of Kutralam-Muniasamy [7], which are displayed in Table
7. Our measured changes in NO2 and CO are similar to those measured by [7] despite
disparate methodologies. While this work utilizes satellite observations of air pollutants,
which relies on a single measurement platform that itself relies on the use of a computer
model in its retrieval algorithm [6], Kutralam-Muniasamy et al. collect their data from
Mexico City’s surface air monitor networks [7]. These networks, RAMA (Red Automático de
Monitoreo Atmosférico, Automatic Atmospheric Monitor Network) and RedMA (Red Manual
de Monitoreo Atmosférico, Manual Atmospheric Monitor Network), provide [7] with a rich
and robust dataset drawn from numerous measurement platforms distributed throughout the
ZMVM. That we have obtained results from satellite derived data in good agreement with
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surface air monitor data is good validation for our method and highlights its promise for
detecting air quality changes, at least with respect to certain species. The disagreement in
the measured changes in SO2 may be due in part to differences in surface concentrations, as
[7] measure, and total column concentrations, as we measure. Future work may include the
isolation of tropospheric SO2 from total column SO2 and an investigation of how this might
change our results. We turn now to our method’s ability to attribute measured changes in
air quality to changes in emissions.
4.2 Change in Emissions
Unfortunately, our method in its current stage of development falls short of achieving its ul-
timate goal: the attribution of changes in air quality to changes in specific sectors’ emissions.
As illustrated in Section 3.2, our mass balance method for source attribution produces un-
physical results. It is impossible for emissions from any category to fall by more than 100%.
The validating example we give in Section 2.6.2 confirms that our mass balance approach is
capable of source attribution given ideal input data. It is so far unable to handle the real
data observed in Mexico City. This could be due to, among other things, our significant
measured increase in SO2 that contradicts expectations based on the emissions inventory.
Since the emissions inventory is given as input, data that does not fit the inventory (such
as a measured increase in SO2 despite a measured decrease in NO2) may lead to these
unphysical results. This is where the use of a potentially outdated emissions inventory
hinders our method. It is plausible that an updated emissions inventory could mitigate some
of the issues with our mass balance model, but this would be unlikely to solve all of our
problems. Alternative source attribution techniques, such as those outlined in [28], may
fare better, especially those which do not rely on emissions inventories. One such method is
principal component analysis, which is a dimensionality reduction method for isolating the
most important features of a dataset based on statistical principles. Principal component




There are many sources of uncertainties in our results. In particular, we introduce uncer-
tainty in our method of isolating the urban mass contribution, in our assumptions about
meteorology, in our use of satellite observations and an emissions inventory, and in our
failure to fully account for atmospheric chemistry.
Our method of isolating the urban mass contribution is simplistic. We trade rigor for com-
putational simplicity in this initial work. Our method assumes the background is distributed
uniformly in space within our study area and that it can be identified by the minimum ob-
servation. Therefore, we introduce error with this method if the background estimate we
subtract is not the same as the true background at each pixel, which is likely to be the case.
Further, the pixel that has the minimum observation changes in each granule, so for each
granule we subtract a background estimated at a different location. Therefore this method
most likely introduces additional random error into our results.
Table 3 supports our assumption of generally consistent meteorology within and across pe-
riods. However, as is clear in Figure 3, there is significant daily variability in our measured
mass, indicating significant daily meteorological variability. This variability introduces un-
certainty into our averaging. However, some of this uncertainty is captured by our confidence
intervals.
We also assumed that the fractional changes in emissions of a species from a source matched
the overall fractional change in emissions from that source. This is only true if all con-
stituents of that sector were affected the same way. This may not be the case. For example,
mobile emissions may not have changed uniformly because personal vehicles, which are fu-
elled mostly by gasoline, were likely brought out of circulation to a greater extent than heavy
duty and industrial vehicles, of which a larger proportion are fuelled by diesel. Gasoline and
30
diesel combustion do not produce the same pollutant profiles, so assuming uniform changes
within a sector likely introduces additional error and uncertainty into our results.
As briefly discussed in Section 4.1, our use of satellite data introduces uncertainty and error
into our results. The use of a computer model in the retrieval algorithm implies that what
we refer to as “measurements” throughout this work are not direct measurements such as
would be obtained with surface monitor data. Instead, our measurements are calculated
from predictions and forecasts generated by the model. Certainly, the model is highly so-
phisticated, but it will inevitably introduce error into our results. To illustrate this point,
it is known that TROPOMI NO2 retrievals generally underestimate urban NO2 [6]. There-
fore, at least for NO2, we can expect some bias in addition to uncertainty introduced into
our results. Similarly, while Mexico City’s emissions inventory involves measured inputs,
its estimates are derived from conceptual models that involve numerous assumptions, and
this may introduce error into our results. For the species we consider, uncertainties are not
reported.
Additionally, the uncertainties in TROPOMI satellite retrievals are not uniform across
species. In particular, we expect the lowest uncertainty for NO2 because the portion of
the electromagnetic spectrum where NO2 is detected is a less “noisy” visible band, whereas
CO is observed in the “noisier” infrared band, and SO2 is observed in a band similar to
ozone’s, making it difficult to distinguish the two species. Thus, an important source of
uncertainty in SO2 that may be partially responsible for our unexpected result is interfer-
ence by ozone, which increased significantly during lockdown [7]. An important note is that
our uncertainty calculations do not account for measurement uncertainty, but only daily
variability. Thus, further work should involve a more rigorous treatment of uncertainty.
Finally, we do not account fully for atmospheric chemistry in our methodology. While our
mass balance includes a first order loss term, it is generalized and simplified to capture as
many first order loss processes as possible. It does not represent specific atmospheric chemical
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reactions and we incorporate no information about such reactions, such as reaction rate
coefficients. Further work may include an expansion of the mass balance model to incorporate
such information. Doing so may have the added benefit of eliminating our meteorology
assumption, as we would calculate βi based on established reaction rate coefficients rather
than our current method. Because our current method does not incorporate any chemical
information, atmospheric chemical processes may introduce additional uncertainty into our
results. For example, we assume some fixed fraction of NOX emissions convert to NO2. In
reality, some NOX is emitted directly as NO2, some as NO which converts to NO2, and then
some NO2 participates in further reactions. Because further reaction of NO2 will depend
on meteorological parameters, neglecting these types of reactions and assuming the NO2
we observe represents some fixed fraction of NOX emissions introduces uncertainty into our
results.
5 Conclusions
We have presented work towards developing a method for the use of satellite observations in
the attribution of air quality changes to sector resolved emissions changes. Our method was
applied to Mexico City’s COVID-19 lockdowns as a proof of concept and we used previous
work investigating the effects of these lockdowns on Mexico City’s air quality to validate
our results. Our method produced results partially in agreement with and partially contrary
to those of that previous work. We found significant changes in NO2 averaging -22% and
-23% for total and urban mass, respectively. We found no significant changes in CO or
HCHO. These results are in good agreement with [7]. We also find significant changes in
SO2 averaging +44% and +41% for total and urban mass, respectively, which disagrees with
[7]. The agreement supports the potential of our nascent method while the disagreement
underscores that more work is needed. Further suggesting the need for more work, our
method fails to attribute these changes in mass to changes in emissions by producing results
that are not physically realistic. Nonetheless, with further development, we think our method
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may be appropriate for its purpose.
Avenues to investigate in future work include applying the method of Goldberg et al. to
better isolate the contribution of urban emissions to measured mass from natural variability
[6]. Future work may also investigate the use of Monte Carlo methods that sample from
our confidence intervals and the use of updated emissions inventories. Monte Carlo meth-
ods applied to our mass balance model would produce ranges of results that may contain
some which are physically meaningful. Updated emissions inventories could improve the
results of our mass balance model, especially if emissions have changed significantly since
2016. Future work should also include source attribution techniques that are independent
of emissions inventories, such as principal component analysis. Such methods may enable
us to estimate emissions directly from satellite observations, bypassing any uncertainty and
inaccuracy introduced by emissions inventories. Further work should also use data from
surface observations to compare results against those derived from satellite observations.
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Ciudad de México. Spanish. Jefatura de Gobierno. 2020.
[15] Decreto por el que se Expide el Programa Hoy No Circula en el Distrito Federal. Span-
ish. Administración Pública del Distrito Federal, 2014.
[16] Marie Harbering and Jan Schluter. “Determinants of transport mode choice in metropoli-
tan areas the case of the metropolitan area of the Valley of Mexico”. In: Journal of
Transport Geography (2020).
[17] Henk Eskes et al. Sentinel-5 Precursor/TROPOMI Level 2 Product User Manual Ni-
trogendioxide. Royal Netherlands Meteorological Institute. 2019.
[18] Fabian Romahn et al. Sentinel-5 Precursor/TROPOMI Level 2 Product User Manual
Sulphur Dioxide SO2. Royal Netherlands Meteorological Institute. 2020.
[19] Arnoud Apituley et al. Sentinel-5 Precursor/TROPOMI Level 2 Product User Manual
Carbon Monoxide. Royal Netherlands Meteorological Institute. 2018.
[20] Fabian Romahn et al. Sentinel-5 Precursor/TROPOMI Level 2 Product User Manual
Formaldehyde HCHO. Royal Netherlands Meteorological Institute. 2020.
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